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a b s t r a c t
Soil moisture estimates are valuable for hydrologic modeling, drought prediction and management, cli-
mate change analysis, and agricultural decision support. However, in situ measurements of soil moisture
have only become available within the past few decades with additional sensors being installed each
year. Comparing newer in situ resources with older resources, previously required a period of cross-
calibration, often requiring several years of data collection. One new technique to improve this issue is
to develop a methodology to extend the in situ record backwards in time using a soil moisture model
and ancillary available data sets. This study will extend the soil moisture record of the U.S. Climate
Reference Network (USCRN) by calibrating a precipitation-driven model during the most recent few years
when soil moisture data are available and applying that model backwards temporally in years where pre-
cipitation data are available and soil moisture data are not. This approach is validated by applying the
technique to the Soil Climate Analysis Network (SCAN) where the same model is calibrated in recent
years and validated during preceding years at locations with a sufficiently long soil moisture record.
Results suggest that if two or three years of concurrent precipitation and soil moisture time series data
are available, the calibrated model’s parameters can be applied historically to produce RMSE values less
than 0.033 m3/m3. With this approach, in locations characterized by in situ sensors with short or intermit-
tent data records, a model can now be used to fill the relevant gaps and improve the historical record as
well.
Published by Elsevier Ltd.
1. Introduction
Long-term soil moisture estimates play an integral role in
hydrological modeling by providing data to estimate subsurface
flows at the watershed scale (e.g. [16]). In agriculture, estimates
of soil moisture facilitate real-time irrigation scheduling [22] as
well as assessments of the field’s potential trafficability [6,11,26].
Simulations of soil moisture are pivotal in predictions and analyses
of historical drought, (e.g. [26]) important to the study of climate
change, and remain a source of uncertainty for some General
Circulation Models (GCM) (e.g. [4,17]).
Currently, in situ soil moisture estimates are available from
United States, state-level climatic networks in Illinois, Oklahoma,
North Carolina, Nebraska, and Texas, providing daily or hourly esti-
mates at numerous locations throughout the state, though without
consistent measurement standards [20]. Similar hourly soil mois-
ture estimates are available throughout the United States via the
Soil Climate Analysis Network (SCAN) [24]. These sensor
installations, at 100+ sites distributed nationally over forty states,
began as early as 2000. While some of these sites have gaps in their
data records, others provide a lengthier record from which to per-
form more substantial analyses. In contrast, the U.S. Climate
Reference Network (USCRN), contains 114 sites nationwide,
characterized by far fewer data gaps [8]. However, these soil mois-
ture data begin only in 2009, while co-located precipitation gages
have been reporting since 2002, and in some cases, for decades
prior [1]. Fig. 1 presents a map of SCAN and USCRN locations
throughout the continental United States. USCRN sites are
distributed uniformly throughout the U.S., while SCAN is
characterized by certain areas with increased density, usually to
accommodate specific research studies.
Previous research has typically attempted to address the lim-
itations of the existing sources of soilmoisture data by extrapolating
spatially (e.g. [27]). This has been achieved by applying the parame-
ters of soil moisture models calibrated by in situ instruments with
co-located precipitation gauges to hydro-climatically and edaphi-
cally similar locations that lack such sensors [7] or by interpolating
between the sensors of sparse networks maintained by the
http://dx.doi.org/10.1016/j.advwatres.2015.02.006
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Agricultural Research Service (ARS) and assimilating remotely-
sensed precipitation data [5]. Stillman et al. [27] attempted to
extend the spatial scope of an in situ soil moisture network in
Arizonausing a dense network of precipitation gauges and then sub-
sequently to extend those estimates back historically. However, lit-
tle has been done to extend the soilmoisture record historically on a
broader, continental scale.
To achieve a historical extension of the soil moisture record,
certain features are required for model selection. Firstly, antece-
dent soil moisture conditions cannot be required, as these, by def-
inition, would be unavailable if we intend to predict backwards in
time. Though precipitation variability is generally accepted to be
the primary driver of wetting and drying [12], the antecedent pre-
cipitation index (API) approach used to estimate soil moisture [23]
or even the stochastic tool designed to estimate soil moisture dis-
tributions [14], necessitate an initial condition at the model’s loca-
tion. Even if a soil water balance approach were deployed with the
intention of remedying this issue, one would need to generate an
initial soil moisture condition at the beginning of the time period
historically for which the record is to be extended and then incur
cumulative errors for the duration of the extension period [18].
As the period over which we aspire to extend the soil moisture
record could be years or even decades, the cumulative errors must
be accounted for and reduced.
To this end, the diagnostic soil moisture equation, introduced
by Pan et al. [20] and subsequently updated by Pan [21] was most
suitable to perform this analysis. A parsimonious, lumped-bucket
model does not require any specification of an initial condition
for soil moisture and need not receive periodic recalibrations. By
transforming a precipitation time series into a soil moisture time
series via an exponentially decaying convolution, all that is
required to generate a soil moisture estimate at any given time is
a precipitation time series preceding the time for which an esti-
mate is desired and the calibrated parameters (constants used as
inputs for the equation itself). Precipitation data are widely avail-
able while soil moisture data are not. It is in this vein that this work
can benefit future research. It is worth noting that precipitation
and soil moisture are not independent variables in studying past
conditions if the soil moisture data are derived from the precip-
itation data – this must be acknowledged if the extended soil mois-
ture record is deployed for subsequent analysis. Though the
original research calibrated the diagnostic soil moisture equation
as a daily model, our approach outfits the model as an hourly
estimator, using genetic algorithms for calibration [7] rather than
the Monte Carlo approach favored by Pan [21]. By calibrating the
diagnostic soil moisture equation and validating those algorithms
during previous years, this work demonstrates the feasibility of
such an approach at USCRN stations, thereby extending the soil
moisture record. The reverse of this procedure has been performed
previously, generating a precipitation time series from soil mois-
ture estimates [2] and extending these results into the past via a
hydrologic model [3].
2. Methodology
The diagnostic soil moisture equation appears in Eq. (1)below:
hest ¼ hre þ ð/e  hreÞ 1 ec4b
  ð1Þ
During any given hour, hest represents the model’s estimate of
soil moisture. Residual soil moisture, the minimum quantity of
moisture that remains indefinitely, even without precipitation, is
denoted by hre. The soil’s porosity, the maximum possible soil
moisture value, at which point the soil becomes saturated, is
defined by /e. Finally conductivity and drainage properties,
quantifying the rate at which soil can dry, is signified by the
parameter, c4. If c4 becomes large, the soil’s drying rate
approaches zero, that is, it remains saturated at its porosity, /e.
If c4 assumes a value of zero, the soil dries instantaneously, that
is, it remains at the residual soil moisture, hre. Eq. (2) below pre-
sents the b series.
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In Eq. (2), the quantity of rainfall during hour i is represented by
Pi, the soil depth is defined by z, and n denotes the number of hours
for which we must consider antecedent precipitation. Modeling
today’s soil moisture requires knowledge of yesterday’s rainfall,
but does not require the rainfall from the previous two years. For
the purposes of this analysis, at SCAN and USCRN sites, the 5-cm
measurement will be used. Finally, gi denotes the estimated soil
Fig. 1. NOAA Climate Reference Network (CRN) and USDA Soil Climate Analysis Network locations in the contiguous U.S.
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water loss at hour i due to deep drainage or other evapotran-
spirative losses, assumed to be a sinusoid with a period of one year,
shown in Eq. (3).
g ¼ a sinði dÞ þ c ð3Þ
The sinusoid’s amplitude, vertical shift, and phase shift are
denoted by a, c, and d respectively. These three parameters are fit
via a real-coded genetic algorithm containing selection, crossover,
and mutation (see [15] such that correlation between the b-series
and hest is maximized. The sinusoidal curve produces strong results
with respect to soil moisture model calibrations throughout the
United States where temperatures increase in the summer, veg-
etation grows, and ET increases. The only location in the United
States where the relationship is potentially non-sinusoidal is the
southwest – where the model’s results are actually the strongest.
In turn, hre, /e, and c4 are fit via a second genetic algorithm to mini-
mize the root-mean-squared-error (RMSE) between hest and the
empirical, in situ measurements of soil moisture.
Using this approach, any site can be calibrated if a sufficiently
lengthy time series of precipitation and soil moisture are available.
This time length is selected by calculating a b series (Eq. (2)) where
n is very large, then generating a second b series with a much smal-
ler value for n and increasing n until the correlation between the
two b series generated approaches unity. In all cases, to avoid erro-
neous readings and subsequent mis-calibrations due to flooded
sensors, any time stamps during which rain occurs are removed
from the analysis, along with the four hours thereafter. Each cali-
bration is evaluated in terms of the Pearson’s q correlation
between soil moisture estimates and in situ measurements and in
terms of the RMSE values obtained from comparing the estimated
and measured soil moisture time series. While runoff is a common
component of various water balance models, it is typically mea-
sured at the single point of outflow where as soil moisture is a
point estimate at numerous in situ gauges within a watershed, each
with a different residence time for moisture [10]. For this reason,
with aims at maintaining parsimony of model structure, runoff is
not included.
Prior to beginning a formal calibration/validation analysis of the
SCAN network sites, it is important to ascertain which of these sites
are viable candidates for such an analysis. While automated algo-
rithms can note omitted data, when these values are erroneous,
the process becomes far more complex. While a soil moisture value
of 0.9 m3/m3 is almost certainly in error, as virtually no soil is suf-
ficiently porous to yield such a reading, a precipitation value of
0 mm occurs both when no rain is occurring (common) and when
a sensor fails to perceive rainfall that is legitimately occurring. To
determine which years of SCAN data are acceptable for calibra-
tion/validation purposes, the diagnostic soil moisture equation
was calibrated on each individual year of data at each of the 160
SCAN sites. At this stage, no validation occurred, as the primary
goal is simply to determine if the diagnostic soil moisture equation
can be calibrated adequately on each year for which data are avail-
able since 2000. As only one-year periods are used for calibration,
higher correlations and lower RMSE values are expected, especially
as the obtained results are purely in-sample.
SCAN sites for which four or more consecutive years’ calibra-
tions during the growing season (April–October) were character-
ized by RMSE values below 0.04 m3/m3 (the target for average
RMSE values achieved by NASA’s current Soil Moisture Active
Passive mission [13]), 64 in total, are reserved for further analysis1.
These sites spanned 31 of SCAN’s 40 states as well as Puerto Rico.
Moving forward with these 64 sites, first, models were calibrated
during the most recent year of SCAN data, then validated on all pre-
ceding years. Next, models were calibrated during the most recent
two-year period, then validated on all preceding years. Finally, mod-
els were calibrated during the most recent three-year period, then
validated on all preceding years (the four-year minimum require-
ment ensures that after the three-year calibration, at least one year
remains for validation). Having calibrated/validated three times per
site, we eliminate all sites for which an RMSE value below 0.06 m3/m3
could not be achieved in validation (in validation, if 0.04 m3/m3 is to
be achieved as an average RMSE, some values will exceed 0.04 and a
50% buffer seems appropriate), even after using three full years to
calibrate. A total of 53 sites, spanning 27 states and Puerto Rico
remained after this final cutoff. Generally, eliminated sites failed
due to historical events that fell well outside the range of conditions
experienced during calibration. If 53 of 64 sites perform well in val-
idation (in terms of RMSE) after three or fewer years of calibration,
then empirically, the range captured in calibration is likely sufficient.
Liu et al. [19] assessed the quality of SCAN sites as well. Though our
chosen subset overlaps substantially with their chosen SCAN sites,
our sites were chosen independently, using both the prevalence of
blacked-out data points (as Liu et al. had done) and the inability to
calibrate a model (which they had not).
USCRN calibrations occurred in a manner analogous to the
approach described for the SCAN network. Once again, precip-
itation events and the four hours thereafter were removed from
the calibration and validation processes. In this case, models were
calibrated from the sensor’s initial installation, typically in 2009 or
2010 until the end of the 2012-growing season and validated dur-
ing the growing season of 2013. Of the USCRN’s 114 sensors, cover-
ing 42 states, sensors for which the RMSE values during validation
exceed 0.06 m3/m3 are removed from the analysis, leaving 91
USCRN sites, over 38 states, that are candidates to be extended
backwards historically. Additional analysis regarding the quality
of SCAN and USCRN sensors can be found in Dorigo et al. [9] and
Bell et al. [1]. Additional information regarding the sites our analy-
sis has excluded can be found in an Appendix A.
Finally, these historical extensions of the soil moisture data
record using the models calibrated at these USCRN sites are ana-
lyzed to determine if the distribution of modeled soil moisture
estimates appears similar to the distribution of in situ measure-
ments obtained at the same location.
3. Results
3.1. SCAN results
With a single-year to calibrate, the average correlation
coefficient during calibration (q = 0.883) and RMSE value
(0.0208 m3/m3) are strong, yielding correlation and RMSE values
of 0.780 and 0.0387 m3/m3 during the remaining validation period,
see Figs. 2 and 3.
Continuing, a second year is added to the calibration period.
With the addition of the second year (see Figs. 2 and 3), performance
declines during calibration (q = 0.868, RMSE = 0.0232 m3/m3).
However, as expected, a more robust calibration period improves
the average performance in validation historically (q = 0.812,
RMSE = 0.0345 m3/m3) as compared to the results following only a
single year of calibration.
Finally, by adding the third year of calibration (see Figs. 2 and
3), the results are essentially identical with respect to in-sample
performance (q = 0.874, RMSE = 0.0238 m3/m3). This is an
increase of 0.006 with respect to correlation and an increase of
0.0006 m3/m3 with respect to RMSE. However, while the in-sample
calibrations are comparable, the validation results historically are
1 Note, of the 96 sites eliminated, 50 were eliminated due to the absence of four
consecutive years of data, regardless of the quality of those data. The remaining sites
were eliminated due to years in which even a single-year, completely in-sample
calibration could not be calibrated to the 0.04 m3/m3 standard.
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improved by the more robust calibration data set provided by the
third year, improving upon the validation results historically
(q = 0.838, RMSE = 0.0326 m3/m3).
Fig. 4 illustrates the relationship between RMSE values during
the calibration and validation processes using one, two, or three
years of calibration. In these cases, we observe that with each addi-
tional year, the scatterplot nears the line with a slope of unity. It is
likewise the case that a handful of sites never achieve a sufficient
calibration (RMSE < 0.06 m3/m3) even after three years of calibra-
tion, justifying their elimination. Typically, these eliminated sites
contain sensors that either fail to respond to rain events, remain
flooded for protracted periods, or experience such quantities of
missing data that successful calibration is simply not possible.
These results suggest that by adding a second and third year of
calibration data, historical predictions can perform quite well.
Furthermore, the quality of performance is not a function of the
length of the historical periods, as for many of these SCAN sites,
calibration occurs during the growing season of 2011, 2012, and
2013, with validation occurring during the period preceding
2011’s growing season, reaching back to 2004 or 2005, and in some
cases, as far back as 2002.
3.2. USCRN results
For the 114 USCRN installations, 91 sites have sufficient data
records for this calibration/validation procedure, using the same
requirement of a validation RMSE less than 0.06 m3/m3.
Calibrations occurred between the sensor’s installation during
2009 or 2010 and the end of the 2012 growing season. In Fig. 3,
we observe that the average correlation and RMSE values
in-sample (q = 0.892, RMSE = 0.0256 m3/m3) are comparable to
the performance observed using two or three years of calibration
data at SCAN sites (Figs. 1 and 2) of q = 0.874, RMSE = 0.0238m3/m3,
respectively. During validation during the growing season of
2013, the correlation and RMSE values (q = 0.824, RMSE =
0.0320 m3/m3) are similar to the analogous values obtained during
validation at the SCAN sites after two or three years of calibration
(Figs. 2 and 3) of q = 0.838, RMSE = 0.0326 m3/m3 respectively.
Fig. 5, analogous to Fig. 4, presents the same relationship for the
USCRN sites. Unlike Fig. 4, there are sites that produce a lower
RMSE during validation than during calibration. In total however,
a very similar relationship is achieved, that is, a scatterplot slightly
above the line with a slope of unity. Also similar, there are a hand-
ful of sites for which successful calibrations are not possible and
are excluded from the average values presented. It is therefore rea-
sonable to presume comparable strength of calibrations at these 93
‘best’ USCRN sites and the 64 ‘best’ SCAN locations.
3.3. Historical results
At each of the 55 well-calibrated SCAN sites, cumulative dis-
tribution functions (CDFs) were produced for three time series.
The first was the in situ data gathered during the three-year cali-
bration period. The second was the in situ data gathered during
the validation period, preceding the calibration years, a period
between one and six years in length. The third and final tine series
was the model’s estimate of soil moisture during the validation
period. Fig. 6 presents nine such CDFs, presenting the in situ data
during calibration (red lines) and validation (green dotted-lines)
along with the modeled estimates during validation (blue
dashed-lines). The images are arranged pseudo-geographically,
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with the top row containing sites in Washington, Wyoming, and
New Hampshire, the middle row containing sites in Utah,
Colorado, and Virginia, and the bottom row containing sites
Arizona, Alabama, and Puerto Rico.
Taken in total, Fig. 6 suggests we are able to reproduce the dis-
tribution of soil moisture conditions in a diversity of hydroclimates
over a variety of narrower and wider ranges of soil moisture values.
Especially encouraging are the results at SCAN #2021 in
Washington (upper-left), where the validation data in situ are dis-
tributed differently than the calibration in situ data, yet the model,
presented with the precipitation data during validation, approxi-
mates that different distribution effectively. Presenting an addi-
tional challenge are the results at SCAN #2017 in Colorado
(center-middle). In this case, the simulated soil moisture does
not quite reach values as low as those observed empirically. As
the objective in the calibration of these models is RMSE minimiza-
tion, these tools have not been constructed in the optimal manner
for drought prediction. To wit, if a model were designed for
droughts, predicting a soil moisture level of 0.03 m3/m3 when the
true value was 0.02 m3/m3 would be a greater mathematical sin
than predicting 0.30 m3/m3 when the true value was 0.35 m3/m3.
The former case is an error in assessing the severity of drought con-
ditions while the latter is an error in characterizing soils that are
clearly wet. However, in minimizing RMSE, the latter error is
deemed to be 5 more severe than the first. This could be cor-
rected by future modeling efforts where, during calibration, an
additional incentive can be applied to models creating smaller
errors at the lower end of the distribution.
Fig. 7 presents analyses of the same nine sites presented in
Fig. 6, presenting the CDFs of each year within the calibration
and validation samples rather than aggregating them into a single
distribution. In this case, we are able to observe the diversity of dis-
tributions this model is capable of reproducing at the same loca-
tion, given a different annual precipitation pattern. These results
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Fig. 5. USCRN RMSE values in calibration and validation (2009–2013).
Fig. 6. SCAN CDFs, calibration in situ values, validation model estimates, validation in situ values. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)
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are encouraging, demonstrating that the range of CDFs simulated
seems largely indistinguishable from the range of CDFs generated
from the in situ data measured empirically.
Fig. 8 presents the quantile–quantile plots at each of the nine
sites chosen in Figs. 6 and 7. It is interesting to note that in most
cases, the middle ranges of values display a linear relationship with
a slope approaching unity. This would be consistent with the
notion of a model’s estimates approximately reproducing the dis-
tributions of in situ observations. However, in some cases, the ends
of the distributions are truncated by the bounding parameters of
the model, and as such, deviate from that linear relationship at
the extremes. Given the elimination of rogue events from calibra-
tion as well as hours immediately following rain events, this is
not surprising. With respect to Kolmogorov–Smirnov or other
goodness-of-fit tests, these will show only if the modeled esti-
mates and in situ observations differ in a matter that is statistically
significant. Two distributions (especially those containing 40,000
points in some cases) can be shown to be ‘different’, yet display
remarkably similar character (hence the good qualitative fits
shown in the Figs. 6 and 7). One would be hard-pressed to locate
a multi-year, predicted time series with a high number of points
that would not show a different distribution than the empirical
observations, using a K–S test.
Fig. 9 presents the calibration and validation results at two of
these nine locations, on opposite ends of the continent, in
Washington (top) and Virginia (bottom). In each chart, the in situ
data are presented during calibration (red) and during validation
(green) and the model’s estimate is presented during both periods
(blue). The upper chart, in Washington, demonstrates the model’s
capacity to trace the time series well during calibration and val-
idation at a site where soil moisture values range from 0.00 to
0.20 m3/m3. The bottom chart presents a much more complicated
and volatile soil moisture time series where values fall as low as
0.05 m3/m3 and reach above 0.40 m3/m3. In both cases, the calibra-
tion results are marginally better than those achieved during val-
idation, demonstrating the efficacy of calibrating the diagnostic
soil moisture equation, then applying its results backwards
temporally.
For each of the 93 well-calibrated USCRN sites, historical soil
moisture estimates were generated, using the parameters cali-
brated from installation to the end of the 2012-growing season.
These estimates start at the availability of precipitation for each
location (the year differs from site to site in the USCRN network)
and end at the installation of the soil moisture sensors that subse-
quently provide empirical measurements. Fig. 10 presents the
CDFs of the in situ measurements (red lines), overlaid with the
CDFs of the modeled historical estimates (dashed-blue lines).
Unlike Fig. 6, no green, dotted-line exists, as there are no historical
soil moisture estimates prior to sensor installation in 2009 or 2010.
The images are once again, arranged geographically, with the top
line (from left-to-right) consisting of sites in Idaho, Michigan, and
New Hampshire, the middle line presenting illustrations from
California, Nebraska, and South Carolina, and the bottom line pre-
senting images from Arizona, Texas, and Florida. In each of these
nine examples, spanning the continent, a different cumulative dis-
tribution of in situ measurements is reproduced using the model
and applied backwards historically. The results suggest that a diver-
sity of soil moisture regimes can be emulated by these backwards
Fig. 7. SCAN annual CDFs, calibration in situ values, validation model estimates, validation in situ values.
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Fig. 8. SCAN QQ plots, validation in situ values vs. validation model estimates.
Fig. 9. (Top): SCAN #2021, Washington. Calibration (2011–2013) and validation (2007–2010), (bottom): SCAN #2039, Virginia. Calibration (2011–2013) and validation
(2003–2010).
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predictions. Fig. 11, like Fig. 7, presents the annual CDFs produced,
illustrating that these USCRN sites’ historical soil moisture model
estimates resemble the distributions measured empirically.
Fig. 12, similar to Fig. 9, presents the time series at two USCRN
sites, one in Nebraska (top) and another in Arizona (bottom). The
Midwestern site presents a soil moisture range from more than
0.40 m3/m3 to less than 0.10 m3/m3 while the southwestern site
ranges from 0.0 to 0.25 m3/m3. While it is the case that in situ data
are unavailable prior to sensory installations in 2009, it is qual-
itatively true that the modeled soil moisture series strongly resem-
bles the in situ time series, which the model does emulate well
during calibration. It is this approach that will facilitate the exten-
sion of the soil moisture record at USCRN locations.
Fig. 13, like Fig. 1 presents an image of the United States, using
color bars to illustrate the locations and efficacies of the calibration
and validation of the models. In the case of USCRN sites, calibration
occurs from 2009 through 2012, with validation occurring in 2013.
In the case of SCAN sites (Fig. 14), validation occurs during years
prior to calibration. Green reflects RMSE values below 0.05 m3/
m3, yellow reflects values between 0.05 m3/m3 and 0.06 m3/m3,
and red reflects RMSE values above 0.06 m3/m3. Fig. 13 displays
that this approach has been successful in dozens of states spanning
the range of soil moisture values and hydroclimates presented
across the United States, as well as in Hawaii and Puerto Rico. In
the USCRN case, a site whose validation performance deteriorates
somewhat presents a colorbar change from green to yellowmoving
left-to-right.
It is important to recognize that modeling past conditions with
parameters that are static once calibrated does pose the issue of
addressing non-stationary data (due to global warming or other
sources). If these long-term climatic trends manifest in terms of
differing precipitation patterns, then at least to some degree, the
model accounts for the change. However, evaporative demand
changes would not be addressed. This implies that, should the per-
iod of historical record grow to the scale of decades, the historical
results could be useful to assess variability of soil moisture, but
perhaps not the absolute values themselves.
4. Conclusions
Ultimately, these results suggest that a historical, modeled esti-
mate can be comparable to in situ estimates in a variety of hydrocli-
mates throughout the continental United States. This has been
achieved first by calibrating soil moisturemodels at SCAN locations,
then validating those models during previous years at those same
locations where in situ measurements are available to evaluate
the calibrated model. Next, having verified that soil moisture mod-
els can be calibrated and subsequently applied to previous years,
models were calibrated at USCRN sites, verified to be robust calibra-
tions by validating on a future year not used for calibration, then
applied to previous years, during which precipitation estimates
were available, but soil moisture estimates were not. By comparing
the cumulative distribution functions of empirically-measured soil
moisture with the historically modeled estimates, we have verified
that the soil moisture values generated by themodel are distributed
similarly to those values empirically observed.
USCRN sites for which the historical record of precipitation is
much longer than the soil moisture record become candidates for
Fig. 10. USCRN CDFs, in situ vs. modeled estimates. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 11. USCRN annual CDFs, in situ vs. modeled estimates.
Fig. 12. (Top): USCRN #1003, Nebraska. In situ (2009–2013), historical extension (2003–2009), (bottom): USCRN #1010, Arizona. In situ (2010–2013), historical extension
(2002–2009).
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an extension of their soil moisture record using the calibrated
models. Moreover, USCRN and SCAN locations that have missing
soil moisture data due to malfunctioning sensors, but precipitation
data remain available, can be filled via the estimates produced by a
well-calibrated model.
As many in situ precipitation records are decades in length,
generating a soil moisture record of comparable length is possible
with numerous long-term analyses. Scientists interested in study-
ing droughts for the purposes of prediction or remediation could
benefit from extended soil moisture records at a variety of nation-
ally-distributed test sites. Climate scientists attempting to under-
stand climate change on a larger spatial and temporal scale will
have access to the type of soil moisture record whose omission is
among the many challenges facing the construction of more
detailed GCMs requiring water balance estimates, of which soil
moisture is an integral component (e.g. [4,17]. Finally in terms of
agricultural decision-support and assessment, such widespread,
longer-term soil moisture estimates could prove beneficial when
compared with county-wide estimates of yield.
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Appendix A. CRN and SCAN sites not chosen
Of the 114 CRN gauges, 91 were retained. This implies that 23
stations were excluded. Of these 23 omitted stations, their reasons
for exclusion can be further specified as follows:
2 – Sites for which the CRN data were unavailable during val-
idation (one in Louisiana, another in Oregon). Both of these models
performed well in calibration, both silt loam soils.
9 – The Appalachians. These nine sites, in North Carolina (3),
New York, Ohio, Pennsylvania, Tennessee, Virginia, and West
Virginia all performed acceptably in calibration and collapsed
duration validation. In 2013, when all of these models were
validated, much wetter conditions were observed in this
region. As such, the average soil moisture value increased by
0.08–0.10 m3/m3 and the calibrated models were no longer viable.
All soils in this group are sandy loam, silt loam, or loam. Averages:
q = 0.718, RMSE = 0.072 m3/m3.
2 – Southeast. Two sites in South Carolina and Florida (both
sandy soils) fail despite strong performance in calibration. Both,
like those in the Appalachians experience far wetter conditions in
validation. Averages: q = 0.805, RMSE = 0.086 m3/m3.
2 – Too far north. For the sake of consistency, models were cali-
brated and validated between April and October to avoid risks of
modeling periods of freezing/thawing. Two sites in Maine and
Fig. 13. USCRN calibration and validation results: left-end of bars reflect calibration performance, right-end reflects validation performance.
Fig. 14. SCAN calibration and validation results: right-end of bars reflect calibration performance, left-end reflects historical validation performance.
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Minnesota respectively failed not only in validation, but in calibra-
tion as well. It is likely that these sites featured frozen sensors dur-
ing calibration and validation periods. Averages: q = 0.639,
RMSE = 0.074 m3/m3.
4 – Other complete failures. South Dakota, Kansas, Alabama,
Missouri. These four sites also failed fairly significantly in calibra-
tion in addition to failure in validation. Soil types (silt loam, silty
clay loam, and sandy loam) are similar, but also the among the
most common soil textures found in over the 114 gauges. One
potential explanation for the complete failure is flooded sensors,
as values were reported at or above 0.5 m3/m3 at all four sites.
Averages: q = 0.793, RMSE = 0.079 m3/m3.
4 – Miscellaneous. Colorado, North Dakota, Missouri,
Washington. In all four states, other models have performed well.
Soil textures are silt loam, loam, or sandy loam. In all cases, the
models were at least marginally-acceptable during calibration. In
Colorado and Missouri, a wetter 2013 offers partial explanation.
In Washington and North Dakota, perhaps freezing/thawing issues
were an issue in 2013. Averages: q = 0.828, RMSE = 0.076 m3/m3.
Of the 64 SCAN gauges for which sufficient data were available,
11 were excluded from consideration as a result of poor model per-
formance. Reasons are specified below:
3 – Hawaii. Limited information is available about these sites.
Soil texture data are unavailable, data ranges are widely disparate
from year to year, performances in validation are far worse than
any location examined in the continental U.S. Averages:
q = 0.696, RMSE = 0.104 m3/m3.
3 – Appalachians. Ohio, Pennsylvania, and Tennessee. Much like
the CRN gauges, the wetter/dryer years damage the calibration/
validation procedure. Soil textures are silt loams or loam. These
models are calibrated successfully, but fail in validation.
Averages: q = 0.681, RMSE = 0.067 m3/m3.
4 – Midwestern agricultural belt. Four sites in Nebraska,
Oklahoma, South Dakota, and Texas almost seem to form a
north–south line. Soil textures are sandy loams, silt loams, or silty
clay loams. In many of these cases, more recent years were drier,
challenging the backwards-looking models. Perhaps irrigation has
been added near these sites in more recent years, causing models
to be calibrated with a system that may not have been available
previously. Averages: q = 0.711, RMSE = 0.092 m3/m3.
1 – Utah. There are numerous SCAN sites in Utah, all but one of
whom ultimately becomes a viable model. The sandy loam soil is
typical of the region. This site appears to be a one-off problem in
validation after a successful calibration. q = 0.622,
RMSE = 0.069 m3/m3.
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